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Abstract. A Health Service Area (HSA) is a group of geographic regions
served by similar health care facilities. The delineation of HSAs plays a
pivotal role in the characterization of health care services available in
an area, enabling a better planning and regulation of health care ser-
vices. Though Dartmouth HSAs have been the standard delineation for
decades, previous work has recently shown an improved HSA delineation
using a network-based approach, in which HSAs are the communities ex-
tracted by the Louvain algorithm in hospital-patient discharge networks.
Given the existent heterogeneity of communities extracted by different
community detection algorithms, a comparative analysis of community
detection algorithms for optimal HSA delineation is lacking. In this work,
we compared HSA delineations produced by community detection algo-
rithms using a large-scale dataset containing different types of hospital-
patient discharges spanning a 7-year period in US. Our results replicated
the heterogeneity among community detection algorithms found in pre-
vious works, the improved HSA delineation obtained by a network-based,
and suggested that Infomap may be a more suitable community detec-
tion for HSA delineation since it finds a high number of HSAs with high
localization index and a low network conductance.
Keywords: Hospital-Patient Discharge Networks · Community Detec-
tion Algorithms · Health Service Area · Comparative Analysis
1 Introduction
A Health Service Area (HSA) is as a group of geographic regions in which residing
patients most often receive healthcare services from similar health care facilities.
It was first introduced in 1973 by Wennberg and Gittelsohn as a more meaningful
unit of analysis for healthcare data than administrative geographic divisions
such as counties [13]. By examining variations in expenditures among HSAs
delineated in Vermont, the authors showed, for instance, that the expenditure
per capita among HSAs varied from $54 to $162 and such variation, however,
had no correlation with age-adjusted mortality.
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In 1996, Wenneberg then proposed the Dartmouth Atlas of Health Care in
the United States [12] which is the current standard HSA delineation in the
US. Effectively, Each Dartmouth-HSAs are delineated in three steps. First, each
health care facility is assigned to its respective city/town. Then, each ZIP Code is
assigned to the city/town of the health care facility from which residing patients
receive most of their healthcare services. As a result, each Dartmouth-HSA is
the group of ZIP Codes associated to the same city/town. Finally, enclave ZIP
Codes, if any, are assigned the city/town of its adjacent ZIP Codes to unsure
geographic contiguity.
Recently, Hu et al. [7] has proposed a network-based approach to HSA de-
lineation in which a Hospital-Patient Discharge Network (HPDN) was built and
the community detection algorithm Louvain was subsequently applied to find
communities (i.e., HSAs) with the highest network modularity. In their HPDN,
nodes represent distinct ZIP Codes and links represent the total number of dis-
charges between the ZIP Codes of health care facilities and patient residencies.
Using claims-based hospital discharges in Florida, the authors demonstrated
that Louvain-HSAs presented, for instance, a higher localization index than
Dartmouth-HSAs, which is measure of internal validity that quantifies the pro-
portion of patients receiving services from health care facilities located at the
same HSA in which they reside.
Yet, a comparative analysis of community detection algorithms, is still lack-
ing for optimal network-based HSA delineation. Such comparative analysis is
needed given the heterogeneity of communities extracted by different commu-
nity detection algorithms [6]. Though such comparative analysis was previously
provided for grouping hospitals [3], the underlying networks differ from HPDNs
in two fundamental aspects: nodes were hospitals instead of geographical regions,
and links were patients sharing between hospitals instead of the total number of
hospital discharges.
In this paper, a comparative analysis of was conducted for HSAs delineated by
four commonly used community detection algorithms, namely, Block Model [8],
Infomap [10] , Louvain [1], and Speaker-Listener Label Propagation Algorithm
(SLPA) [14], were compared. A claims-based patient-hospital discharge data
was used; it containing a total of 124, 970, 471 discharges over a 7-year period in
California, US. Our results replicated the existent heterogeneity of communities
extracted by different algorithms of community detection and reinforced the use
of a network-based approach to HSA delineation. The results demonstrated, for
instance, that Infomap was the most suitable algorithm because it was capable
of delineating a high number of HSAs, and Infomap-HSAs still presented a high
localization index and a low network conductance. To shift the standard HSA
delineation methodology from Dartmouth to a network-based approach, further
studies on the reliability, validity, and generality of a network-based approach
are required.
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2 Methodology
A network-based delineation of Health Service Areas (Fig. 1) consists of (A)
modeling claims-based patient-hospital discharge data as networks of ZIP Code
Tabulation Areas (ZCTAs), (B) applying a diverse set of community detection
algorithms, and (C) performing a comparative analysis of the extracted com-
munities (i.e., HSAs) according to multiple quality metrics of HSA delineation.
Overall, 28 Hospital-Patient Discharge Network (HPDN) were built, one for
each combination of 4 discharge types and 7 years. For each HPDN, each of
the 4 community detection algorithms was applied, and a total of 112 HSA
delineations were obtained. Though only a subset of HPDNs and HSA de-
lineations are presented, all of the code, datasets, networks, and analysis are
available on the Open Science Framework (OSF) repository of this project at
https://doi.org/10.17605/OSF.IO/GW73Y.
Hospital-Patient Discharge Network   
Patient Residency
Health Care Facility 
Hospital 
Discharge 
ZCTA 04
ZCTA 01
ZCTA 03
ZCTA 02
ZCTA 05
ZCTA 07
ZCTA 08
ZCTA 06
A C Evaluation of Health Service Areas (HSAs) 
Delineation 
HSA 1
ZCTA 04
ZCTA 01
ZCTA 03
ZCTA 02
ZCTA 05
ZCTA 07
ZCTA 08
ZCTA 06
HSA 2
B Community
Detection 
Algorithms
Algorithm 1
Algorithm 2
Algorithm m
… M1 =
<latexit sha1_base64="SDSR8D+p7f3YRt2u3iYwp0kFvbY=">AAACPHicbVC7SgNBFJ31GeMrUTubwSBYhV0RtBGCNjZCBPOAJIS7k0kyZHZnmbkbDUv+xFY/w/+wtxNba2eTFCbxwMDhnHu5Z44fSWHQ dT+cldW19Y3NzFZ2e2d3bz+XP6gaFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3Cb+rUh10ao8BFHEW8F0AtFVzBAK7VzuWYA2Gcgk/tx26PXtJ0ruEV3ArpMvBkpkBnK7bxz1OwoFgc8RCbBmIbnRthKQKNgko+zzdjwCNgAerxhaQgBN61kEn1MT63SoV2l7QuRTtS/GwkExowC306mQc2il4r/eY0Yu1etRIRRjDxk00PdWFJUNO2BdoTmDOXIEmBa2KyU9UEDQ9tWdu6Mr9QAwTdzX0msEkvQz/NqEEsUWj2NbY/eYmvL pHpe9Nyi93BRKN3MGs2QY3JCzohHLkmJ3JEyqRBGhuSFvJI35935dL6c7+noijPbOSRzcH5+AWqUrgY=</latexit><latexit sha1_base64="SDSR8D+p7f3YRt2u3iYwp0kFvbY=">AAACPHicbVC7SgNBFJ31GeMrUTubwSBYhV0RtBGCNjZCBPOAJIS7k0kyZHZnmbkbDUv+xFY/w/+wtxNba2eTFCbxwMDhnHu5Z44fSWHQ dT+cldW19Y3NzFZ2e2d3bz+XP6gaFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3Cb+rUh10ao8BFHEW8F0AtFVzBAK7VzuWYA2Gcgk/tx26PXtJ0ruEV3ArpMvBkpkBnK7bxz1OwoFgc8RCbBmIbnRthKQKNgko+zzdjwCNgAerxhaQgBN61kEn1MT63SoV2l7QuRTtS/GwkExowC306mQc2il4r/eY0Yu1etRIRRjDxk00PdWFJUNO2BdoTmDOXIEmBa2KyU9UEDQ9tWdu6Mr9QAwTdzX0msEkvQz/NqEEsUWj2NbY/eYmvL pHpe9Nyi93BRKN3MGs2QY3JCzohHLkmJ3JEyqRBGhuSFvJI35935dL6c7+noijPbOSRzcH5+AWqUrgY=</latexit><latexit sha1_base64="SDSR8D+p7f3YRt2u3iYwp0kFvbY=">AAACPHicbVC7SgNBFJ31GeMrUTubwSBYhV0RtBGCNjZCBPOAJIS7k0kyZHZnmbkbDUv+xFY/w/+wtxNba2eTFCbxwMDhnHu5Z44fSWHQ dT+cldW19Y3NzFZ2e2d3bz+XP6gaFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3Cb+rUh10ao8BFHEW8F0AtFVzBAK7VzuWYA2Gcgk/tx26PXtJ0ruEV3ArpMvBkpkBnK7bxz1OwoFgc8RCbBmIbnRthKQKNgko+zzdjwCNgAerxhaQgBN61kEn1MT63SoV2l7QuRTtS/GwkExowC306mQc2il4r/eY0Yu1etRIRRjDxk00PdWFJUNO2BdoTmDOXIEmBa2KyU9UEDQ9tWdu6Mr9QAwTdzX0msEkvQz/NqEEsUWj2NbY/eYmvL pHpe9Nyi93BRKN3MGs2QY3JCzohHLkmJ3JEyqRBGhuSFvJI35935dL6c7+noijPbOSRzcH5+AWqUrgY=</latexit><latexit sha1_base64="SDSR8D+p7f3YRt2u3iYwp0kFvbY=">AAACPHicbVC7SgNBFJ31GeMrUTubwSBYhV0RtBGCNjZCBPOAJIS7k0kyZHZnmbkbDUv+xFY/w/+wtxNba2eTFCbxwMDhnHu5Z44fSWHQ dT+cldW19Y3NzFZ2e2d3bz+XP6gaFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3Cb+rUh10ao8BFHEW8F0AtFVzBAK7VzuWYA2Gcgk/tx26PXtJ0ruEV3ArpMvBkpkBnK7bxz1OwoFgc8RCbBmIbnRthKQKNgko+zzdjwCNgAerxhaQgBN61kEn1MT63SoV2l7QuRTtS/GwkExowC306mQc2il4r/eY0Yu1etRIRRjDxk00PdWFJUNO2BdoTmDOXIEmBa2KyU9UEDQ9tWdu6Mr9QAwTdzX0msEkvQz/NqEEsUWj2NbY/eYmvL pHpe9Nyi93BRKN3MGs2QY3JCzohHLkmJ3JEyqRBGhuSFvJI35935dL6c7+noijPbOSRzcH5+AWqUrgY=</latexit>
+
<latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit>
+
<latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit>
+
<latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit><latexit sha1_base64="4JoPLZ4/tJwg9U6DmikWDwAYSQY=">AAACK3icbVDLSgNBEJyNrxhfiXrzMhgEQQi7Iugx6MVjAuYByRJmJ5NkyMzOMtOrhiVf4FU/w6/xpHj1P5wke3ATCxqKqm66u4JIcAOu++ nk1tY3Nrfy24Wd3b39g2LpsGlUrClrUCWUbgfEMMFD1gAOgrUjzYgMBGsF47uZ33pk2nAVPsAkYr4kw5APOCVgpfpFr1h2K+4ceJV4KSmjFLVeyTnu9hWNJQuBCmJMx3Mj8BOigVPBpoVubFhE6JgMWcfSkEhm/GR+6RSfWaWPB0rbCgHP1b8TCZHGTGRgOyWBkVn2ZuJ/XieGwY2f8DCKgYV0sWgQCwwKz97Gfa4ZBTGxhFDN7a2YjogmFGw4hcyaQKkxkMBkXkmsEguin7OqjAVwrZ6mNkdvObVV0ryseG7Fq1+Vq7dponl0 gk7ROfLQNaqie1RDDUQRQy/oFb05786H8+V8L1pzTjpzhDJwfn4BBIun4g==</latexit>
M2 =
<latexit sha1_base64="ir/JNOWsn7vg0CfcKEJsS5BRXMg=">AAACPHicbVC7SgNBFJ2NrxhfidrZDAbBKuwGQRshaGMjRDAPSEK4O5kkQ2Z3lpm70bDkT2z1M/wPezuxtXbyKEzigYHDOfdyzxw/ksKg 6344qbX1jc2t9HZmZ3dv/yCbO6waFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3A78WtDro1Q4SOOIt4KoBeKrmCAVmpns80AsM9AJvfjdpFe03Y27xbcKegq8eYkT+Yot3POcbOjWBzwEJkEYxqeG2ErAY2CST7ONGPDI2AD6PGGpSEE3LSSafQxPbNKh3aVti9EOlX/biQQGDMKfDs5CWqWvYn4n9eIsXvVSkQYxchDNjvUjSVFRSc90I7QnKEcWQJMC5uVsj5oYGjbyiyc8ZUaIPhm4SuJVWIJ+nlRDWKJQqunse3RW25t lVSLBc8teA8X+dLNvNE0OSGn5Jx45JKUyB0pkwphZEheyCt5c96dT+fL+Z6Nppz5zhFZgPPzC2xergc=</latexit><latexit sha1_base64="ir/JNOWsn7vg0CfcKEJsS5BRXMg=">AAACPHicbVC7SgNBFJ2NrxhfidrZDAbBKuwGQRshaGMjRDAPSEK4O5kkQ2Z3lpm70bDkT2z1M/wPezuxtXbyKEzigYHDOfdyzxw/ksKg 6344qbX1jc2t9HZmZ3dv/yCbO6waFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3A78WtDro1Q4SOOIt4KoBeKrmCAVmpns80AsM9AJvfjdpFe03Y27xbcKegq8eYkT+Yot3POcbOjWBzwEJkEYxqeG2ErAY2CST7ONGPDI2AD6PGGpSEE3LSSafQxPbNKh3aVti9EOlX/biQQGDMKfDs5CWqWvYn4n9eIsXvVSkQYxchDNjvUjSVFRSc90I7QnKEcWQJMC5uVsj5oYGjbyiyc8ZUaIPhm4SuJVWIJ+nlRDWKJQqunse3RW25t lVSLBc8teA8X+dLNvNE0OSGn5Jx45JKUyB0pkwphZEheyCt5c96dT+fL+Z6Nppz5zhFZgPPzC2xergc=</latexit><latexit sha1_base64="ir/JNOWsn7vg0CfcKEJsS5BRXMg=">AAACPHicbVC7SgNBFJ2NrxhfidrZDAbBKuwGQRshaGMjRDAPSEK4O5kkQ2Z3lpm70bDkT2z1M/wPezuxtXbyKEzigYHDOfdyzxw/ksKg 6344qbX1jc2t9HZmZ3dv/yCbO6waFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3A78WtDro1Q4SOOIt4KoBeKrmCAVmpns80AsM9AJvfjdpFe03Y27xbcKegq8eYkT+Yot3POcbOjWBzwEJkEYxqeG2ErAY2CST7ONGPDI2AD6PGGpSEE3LSSafQxPbNKh3aVti9EOlX/biQQGDMKfDs5CWqWvYn4n9eIsXvVSkQYxchDNjvUjSVFRSc90I7QnKEcWQJMC5uVsj5oYGjbyiyc8ZUaIPhm4SuJVWIJ+nlRDWKJQqunse3RW25t lVSLBc8teA8X+dLNvNE0OSGn5Jx45JKUyB0pkwphZEheyCt5c96dT+fL+Z6Nppz5zhFZgPPzC2xergc=</latexit><latexit sha1_base64="ir/JNOWsn7vg0CfcKEJsS5BRXMg=">AAACPHicbVC7SgNBFJ2NrxhfidrZDAbBKuwGQRshaGMjRDAPSEK4O5kkQ2Z3lpm70bDkT2z1M/wPezuxtXbyKEzigYHDOfdyzxw/ksKg 6344qbX1jc2t9HZmZ3dv/yCbO6waFWvGK0xJpes+GC5FyCsoUPJ6pDkEvuQ1f3A78WtDro1Q4SOOIt4KoBeKrmCAVmpns80AsM9AJvfjdpFe03Y27xbcKegq8eYkT+Yot3POcbOjWBzwEJkEYxqeG2ErAY2CST7ONGPDI2AD6PGGpSEE3LSSafQxPbNKh3aVti9EOlX/biQQGDMKfDs5CWqWvYn4n9eIsXvVSkQYxchDNjvUjSVFRSc90I7QnKEcWQJMC5uVsj5oYGjbyiyc8ZUaIPhm4SuJVWIJ+nlRDWKJQqunse3RW25t lVSLBc8teA8X+dLNvNE0OSGn5Jx45JKUyB0pkwphZEheyCt5c96dT+fL+Z6Nppz5zhFZgPPzC2xergc=</latexit>
Mn =
<latexit sha1_base64="gTeqQQJ/UazFZOCYTozTQDLpHbs=">AAACPHicbVDLSgMxFM34rPU1PnZugkVwVWZE0I0gunEjVLAqtKXcSdM2NJMMyZ1qGeZP3Opn+B/u3Ylb12ZqF1Y9EDiccy/35ESJFBaD 4NWbmZ2bX1gsLZWXV1bX1v2NzRurU8N4nWmpzV0ElkuheB0FSn6XGA5xJPltNDgv/NshN1ZodY2jhLdi6CnRFQzQSW3fb8aAfQYyu8zbip7Qtl8JqsEY9C8JJ6RCJqi1N7ztZkezNOYKmQRrG2GQYCsDg4JJnpebqeUJsAH0eMNRBTG3rWwcPad7TunQrjbuKaRj9edGBrG1ozhyk0VQ+9srxP+8Rord41YmVJIiV+z7UDeVFDUteqAdYThDOXIEmBEuK2V9MMDQtVWeOhNpPUCI7NRXMqekEszDtBqnEoXR97nrMfzd2l9y c1ANg2p4dVg5PZs0WiI7ZJfsk5AckVNyQWqkThgZkkfyRJ69F+/Ne/c+vkdnvMnOFpmC9/kF17auQw==</latexit><latexit sha1_base64="gTeqQQJ/UazFZOCYTozTQDLpHbs=">AAACPHicbVDLSgMxFM34rPU1PnZugkVwVWZE0I0gunEjVLAqtKXcSdM2NJMMyZ1qGeZP3Opn+B/u3Ylb12ZqF1Y9EDiccy/35ESJFBaD 4NWbmZ2bX1gsLZWXV1bX1v2NzRurU8N4nWmpzV0ElkuheB0FSn6XGA5xJPltNDgv/NshN1ZodY2jhLdi6CnRFQzQSW3fb8aAfQYyu8zbip7Qtl8JqsEY9C8JJ6RCJqi1N7ztZkezNOYKmQRrG2GQYCsDg4JJnpebqeUJsAH0eMNRBTG3rWwcPad7TunQrjbuKaRj9edGBrG1ozhyk0VQ+9srxP+8Rord41YmVJIiV+z7UDeVFDUteqAdYThDOXIEmBEuK2V9MMDQtVWeOhNpPUCI7NRXMqekEszDtBqnEoXR97nrMfzd2l9y c1ANg2p4dVg5PZs0WiI7ZJfsk5AckVNyQWqkThgZkkfyRJ69F+/Ne/c+vkdnvMnOFpmC9/kF17auQw==</latexit><latexit sha1_base64="gTeqQQJ/UazFZOCYTozTQDLpHbs=">AAACPHicbVDLSgMxFM34rPU1PnZugkVwVWZE0I0gunEjVLAqtKXcSdM2NJMMyZ1qGeZP3Opn+B/u3Ylb12ZqF1Y9EDiccy/35ESJFBaD 4NWbmZ2bX1gsLZWXV1bX1v2NzRurU8N4nWmpzV0ElkuheB0FSn6XGA5xJPltNDgv/NshN1ZodY2jhLdi6CnRFQzQSW3fb8aAfQYyu8zbip7Qtl8JqsEY9C8JJ6RCJqi1N7ztZkezNOYKmQRrG2GQYCsDg4JJnpebqeUJsAH0eMNRBTG3rWwcPad7TunQrjbuKaRj9edGBrG1ozhyk0VQ+9srxP+8Rord41YmVJIiV+z7UDeVFDUteqAdYThDOXIEmBEuK2V9MMDQtVWeOhNpPUCI7NRXMqekEszDtBqnEoXR97nrMfzd2l9y c1ANg2p4dVg5PZs0WiI7ZJfsk5AckVNyQWqkThgZkkfyRJ69F+/Ne/c+vkdnvMnOFpmC9/kF17auQw==</latexit><latexit sha1_base64="gTeqQQJ/UazFZOCYTozTQDLpHbs=">AAACPHicbVDLSgMxFM34rPU1PnZugkVwVWZE0I0gunEjVLAqtKXcSdM2NJMMyZ1qGeZP3Opn+B/u3Ylb12ZqF1Y9EDiccy/35ESJFBaD 4NWbmZ2bX1gsLZWXV1bX1v2NzRurU8N4nWmpzV0ElkuheB0FSn6XGA5xJPltNDgv/NshN1ZodY2jhLdi6CnRFQzQSW3fb8aAfQYyu8zbip7Qtl8JqsEY9C8JJ6RCJqi1N7ztZkezNOYKmQRrG2GQYCsDg4JJnpebqeUJsAH0eMNRBTG3rWwcPad7TunQrjbuKaRj9edGBrG1ozhyk0VQ+9srxP+8Rord41YmVJIiV+z7UDeVFDUteqAdYThDOXIEmBEuK2V9MMDQtVWeOhNpPUCI7NRXMqekEszDtBqnEoXR97nrMfzd2l9y c1ANg2p4dVg5PZs0WiI7ZJfsk5AckVNyQWqkThgZkkfyRJ69F+/Ne/c+vkdnvMnOFpmC9/kF17auQw==</latexit>
…
Metrics
Fig. 1. Network-based delineation of Health Service Areas (HSAs). (A) Hospital dis-
charge data is used to build Hospital-Patient Discharge Networks (HPDN) in which
nodes represent ZIP Code Tabulation Areas (ZCTAs), and links represent the total
number of discharges between the ZCTA locations of health care facilities and patient
residencies. (B) Community detection algorithms are applied over HDPNs to delineate
HSAs. (C) Delineated HSAs are evaluated according to multiple quality metrics of
HSA delineation.
2.1 Hospital-Patient Discharge Networks
Hospital-Patient Discharge Networks (HPDNs) were built using claims-based
hospital discharge data obtained from the California Health and Human Ser-
vices Agency (CHHS) [2]. This dataset is publicly available and contains a total
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of 124, 970, 471 hospital-patient discharges of different types spanning a 7-year
period from 2012 through 2018. The four discharge types are Inpatient from
Emergency Department (ED), Inpatient, Ambulatory Surgery, and ED Only.
Each data point contains the type of discharge, the year, the name of the
facility (e.g., Alameda Hospital, University of California Davis Medical Center).
Also, it contains the 5-digit ZIP Codes (e.g., 94501, 95831) of both facility loca-
tion and patient residency as well as the respective number of discharges between
them. Hospital discharges to patient residency ZIP Codes other than those with
5-digits were excluded (2.6%); these were mainly discharges of patients from
states other than California (e.g., ARIZONA, NEVADA (state), Other U.S.),
from locations outside the US (e.g., OUTSIDE U.S.), from unknown locations
(e.g., UNKNOWN), and from homeless population (e.g., HOMELESS).
ZIP Codes are a collection of delivery routes maintained U.S. Postal Service
and ZIP Code Tabulation Area (ZCTAs) are actual generalized areal represen-
tations maintained by the U.S. Census Bureau. Therefore, for each ZIP Code
of both health care facility and patient residency, the corresponding ZCTA was
obtained using the ZIP Code to ZCTA Crosswalk provided from the Uniform
Data System Mapper [11].
A separate weighted and undirected HPDN network was built for each type
of hospital discharge and for each year according to the methodology proposed
by Hu et al. [7]. In each network, nodes are ZCTAs, links are the total number of
discharges between the ZCTAs of health care facilities and patient residencies.
The HPDN is an undirected network because a link wij encodes the total number
of discharges between ZCTAs i and j without arbitrarily distinguishing whether
the direction is due to a health care facility at i discharging patients residing at
j or patients residing at i going to a facility at j for health care services.
2.2 Community Detection
In a network-based HSA delineation, each HSA correspond to a distinct com-
munity extracted by a community detection algorithm from a hospital-patient
discharge network (HPDN) [7]. While the existence of communities in real-world
networks is agreed upon, there is no generally accepted definition of what a com-
munity is, or what the most appropriate way to find them is [5]. Some algorithms
take a stronger approach to community detection by looking for cliques, which
are a group of nodes for which there is a link between every pair of nodes [4];
other approaches just look for more densely connected subgraphs within the
network such that a community is a subset of nodes within a network that are
densely connected to each other when compared to the rest of the network.
The lack of a general definition of what a community should be is also mir-
rored in the existent heterogeneity of communities extracted by different commu-
nity detection algorithms [6] and as such requires a comparison among commu-
nity detection algorithms. Four commonly used algorithms were selected: Lou-
vain Modularity, Infomap, Stochastic Block Model, and Speaker-listener Label
Propagation. These algorithms were selected as they provide four very distinct
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approaches to community detection and have their implementations easily pro-
vided by their authors.
The Louvain algorithm [1] finds communities that maximizes the network
modularity. This quantifies the extent to which the density of links within the
found communities excessively surpasses that of what would be expected if links
were placed at random. Trying all possible partitions is not computationally
feasible, and Louvain modularity takes a heuristic approach by maximizing the
local modularity of smaller communities that are only subsequently joined if such
aggregation leads to an increased modularity. These smaller communities start
as individual nodes and are iteratively joined together into greater communities
until the a single community containing the whole network is reached.
The Stochastic Block Model [8] uses a maximum likelihood estimator to in-
fer the block structure of the network. This algorithm attempts to recover the
hierarchical block structure of the network where each block represents a com-
munity. The block model used in this study is the degree-corrected variant given
the weighted aspect of HPDNs and that previous work has shown that the such
variant tends to perform better on empirical networks [9].
The Infomap algorithm [10] finds communities that maximizes the map equa-
tion instead of modularity. The map equation quantifies the length of the coding
scheme necessary to communicate the sequence of movements of random walkers
within the network. In essence, if a community structure exists, random walk-
ers will become trapped within these communities because movements within-
communities are more likely than between-communities. Therefore, the coding
scheme necessary to communicate the sequence of movements can be reduced
by taking into account the community structure as every time a walker enters
into a community, the community is identified, and a smaller community-specific
coding scheme is used to quantify within-community movements.
The Speaker-Listener Label Propagation Algorithm (SLPA) [14] is a localized
community detection algorithm based on the concept of label propagation. SLPA
finds communities by initially assigning each node to a unique label. Nodes then
iteratively changes their label to the label most often used by its neighbors.
Initially, this label exchange rule promotes the formation of smaller consensus
groups which will subsequently compete with one another for node members
depending on the balance between their within-group and between-group in-
teractions. In contrast to the other algorithm’s, SLPA does not require prior
information about the network, nor does it attempt to maximize any metric
as a proxy for well-defined communities. Instead, it only relies on the network
structure to identify the communities. While SLPA is able to find overlapping
communities, the post processing threshold was set to r = 0.5 to ensure the ex-
traction of non-overlapping communities and thus provide a better comparison
to the other non overlapping algorithms used.
2.3 Evaluation of Health Service Areas (HSA) Delineation
The quality of a HSA delineation can be evaluated according to multiple and
often conflicting metrics [7,3]. The following four delineation metrics of a HSA c
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were used: the number of communities (NC), the localization index (LIc),network
conductance (Cc), and the total number of discharges (Dc).
In a network-based HSA delineation, the total number of delineated HSAs
NC is determined by the specific community detection algorithm used as it is
the number of communities extracted. The NC is an important metric since
it determines the number of distinct meaningful units of analysis ultimately
uncovered and, as in any community detection problem, trivial solutions such as
1 (one) and n, the total number of nodes, are generally undesired [6].
The localization index LIc of a community c quantifies the proportion of
patients seeking and receiving health care services from hospitals within the
HSA in which they reside. A high value of LIc is desired since it describes HSA
c uncovered a geographic region in which residing patients receive comparable
health care services. Formally, the localization index LIc of community c can be
defined as
LIc =
ND(c,c)
ND(c)
, (1)
in which ND(i,j) is the total number of discharges from patients residing at
ZCTAs within community i that are discharged from hospitals at ZCTAs within
community j, and ND(c) =
∑NC
j ND(c,j) is the total number of discharges from
patients living within community c.
The network conductance Cc of a community c is a network-based measure
which quantifies the extent to c is well-formed. It is calculated using the total
links running within its community i relative to links running from i to other
communities. Conductance is based on the degree-based definition of a commu-
nity [5]. Formally, the conductance C(c) of a community c can be calculated
as
Cc =
wextC
wC
, (2)
in which, for a weighted network, Wij is the strength of the link connecting
nodes i and j, wC =
∑
i∈C,jWij is the total strength of links originating within
community c, and wextC =
∑
i∈C,j /∈CWij is the external strength.
Aside from the aforementioned metrics, the total number of discharges ND(c)
from patients living in one of the ZCTAs found within community c is also cal-
culated. Ideally, a community detection algorithm would maximize the number
of HSAs where each has a high localization index and a low conductance. Yet,
as the total number of communities increases from one to n, the typical value
of localization index decreases from 1 to 0 and the typical value of network
conductance increases from 0 to 1.
To provide a reliable estimate for each metric, B = 1, 000 bootstrap samples
with replacement draw from the distribution of each metric were used to calculate
a mean value for the localization index 〈li〉, network conductance 〈c〉, and total
number of discharges 〈d〉. The standard deviation was also provided for each of
the aforementioned estimators.
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3 Results and Discussion
The network statistics of each individual HPDN varied among discharge types
and over the years (Table 1). Considering the year of 2012, for instance, Inpatient
from ED and ED Only HPDNs had comparable total number of nodes n. Their
number of links m were 49, 000 and 127, 000, respectively, suggesting that a ED
Only HPDN has a higher number of distinct ZCTA pairs for which hospital dis-
charges occurred between hospital locations and patient residencies. Also, their
the total network link strength w were 1.6 million and 9.2 million, respectively,
and their network density ρ were 0.0345 and 0.0883, respectively,suggesting that
the healthcare service underlying a ED Only HPDN has a higher demand and
is more dense. Over the years, the average shortest path length l and clustering
coefficient c of HPDNs slightly decreased.
Table 1. Statistics of Hospital-Patient Discharge Networks (HPDNs). For each type of
discharge and for each year, the following network measures were quantified: the total
number of nodes (n), the total number of links (m), the total weight (w), the network
density (ρ), the average shortest path length (l), as well as the clustering coefficient
(c). Other types of discharges and network metrics are available on the Open Science
Framework (OSF) repository of this project at https://doi.org/10.17605/OSF.IO/
GW73Y.
n m w ρ l c
Type of
Discharge
Year
Inpatient
from ED
2012 1.69E+03 4.92E+04 1.63E+06 3.45E-02 2.81 1.19E-03
2013 1.69E+03 4.97E+04 1.63E+06 3.49E-02 2.72 1.12E-03
2014 1.69E+03 5.05E+04 1.64E+06 3.56E-02 2.71 1.02E-03
2015 1.68E+03 5.25E+04 1.72E+06 3.70E-02 2.89 9.74E-04
2016 1.75E+03 5.37E+04 1.74E+06 3.50E-02 2.70 9.53E-04
2017 1.75E+03 5.38E+04 1.75E+06 3.52E-02 2.67 9.84E-04
2018 1.75E+03 5.41E+04 1.75E+06 3.54E-02 2.62 9.31E-04
ED Only
2012 1.69E+03 1.27E+05 9.25E+06 8.83E-02 2.15 2.14E-04
2013 1.69E+03 1.28E+05 9.65E+06 8.95E-02 2.18 2.07E-04
2014 1.69E+03 1.33E+05 1.03E+07 9.25E-02 2.20 1.90E-04
2015 1.69E+03 1.39E+05 1.12E+07 9.66E-02 2.16 1.78E-04
2016 1.76E+03 1.42E+05 1.15E+07 9.15E-02 2.15 1.81E-04
2017 1.76E+03 1.43E+05 1.17E+07 9.25E-02 2.15 1.88E-04
2018 1.76E+03 1.42E+05 1.14E+07 9.17E-02 2.16 1.96E-04
Overall, HSA delineation results (Fig. 2 and Table 2) have reinforced the su-
periority of network-based HSA delineation as well as confirmed the heterogene-
ity among communities extracted by different community detection algorithms
even in the same dataset. Such results are not only consistent with community
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detection comparisons from previous works [6], but also advocate for a further
comparison among community detection algorithms.
Table 2. Comparison of HSAs delineated using the community detection algorithms
Block Model, Infomap, Louvain, and SLPA in terms of in terms of the number of
communities (nc) as well as the typical values of the localization index 〈li〉, network
conductance 〈c〉, and total number of discharges 〈d〉. The discharge types presented are
Inpatient from ED and ED Only for the years of 2012 and 2018. The other discharge
types and years are available on the Open Science Framework (OSF) repository of this
project at https://doi.org/10.17605/OSF.IO/GW73Y.
nc 〈li〉 〈c〉 〈d〉
Type of Discharge Year Community Detection
Inpatient from ED
2012
BLOCK MODEL 35 0.47 0.82 51, 450
INFOMAP 70 0.77 0.18 25, 539
LOUVAIN 20 0.86 0.13 89, 235
SLPA 110 0.69 0.25 16, 392
2018
BLOCK MODEL 35 0.47 0.74 54, 090
INFOMAP 62 0.80 0.15 30, 397
LOUVAIN 15 0.87 0.13 125, 833
SLPA 111 0.65 0.28 16, 830
ED Only
2012
BLOCK MODEL 33 0.45 0.84 311, 009
INFOMAP 90 0.77 0.22 114, 117
LOUVAIN 24 0.92 0.09 430, 396
SLPA 139 0.70 0.28 74, 049
2018
BLOCK MODEL 34 0.45 0.83 359, 908
INFOMAP 76 0.84 0.15 160, 869
LOUVAIN 24 0.90 0.09 512, 044
SLPA 126 0.73 0.25 97, 810
The comparison of HSA delineations (Fig. 2) involves the evaluation of con-
flicting metrics such as higher number of communities and localization index.
Considering the discharge type ED Only and year 2018 (Table 2), for instance,
the difference between the number Louvain-HSAs and SLPA-HSAs was 4-fold,
with 24 Louvain-HSAs and 126 SLPA-HSAs. This fewer number of Louvain-
HSAs using hospitals discharge in California is also consistent with the fewer
number of Louvain-HSAs in the previous work from Hu et al. [7] using hospi-
tal discharges in Florida. Though the localization index of Louvain-HSAs (.90)
was 7% higher than that of Infomap-HSAs (.84), 52 more Infomap-HSAs were
delineated, representing a 2-fold increase.
By examining their geographical patterns (Fig. 3), the respective geograph-
ical areas of Louvain-HSAs correspond to a wider and more discontinuous ge-
ographical areas than those of Infomap-HSAs. Yet, Block Model-HSAs appear
to be the poorest HSAs delineated not only because they are the fewest num-
ber of HSAs delineated, which corresponds to a wider and more discontinuous
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area, but also as their localization index is lower than .5 which raises concerns
about the internal validity of the HSAs delineated. Lastly, Block Model-HSAs
presented the highest variability regarding their localization index, conductance,
and total number of discharges. Using the nested version of Block Model has not
changed this results. Conversely, SLPA-HSAs are the highest number of HSAs
but their localization index is typically less than .7, which is higher than that
of Block Model-HSAs but still raises concerns regarding the internal validity of
SLPA-HSAs.
The hospital discharge data and the Hospital-Patient Discharge Networks
(HPDNs) inherently represent a flow between hospitals and patients and the
apparent superior results achieved by Infomap may be related to the fact that,
instead of modularity, the Infomap optimizes the map equation and thus takes
into account the local flows emerging from the movements of random walkers
trapped within the HPDN communities. Interestingly, Infomap-HSAs presented
improved localization index and conductance over time.
4 Conclusions
Health Service Areas (HSAs) are meaningful units of analysis for improving the
scientific basis of both clinical practice and policy decision making in the delivery
of health care. The optimal delineation of HSAs is necessary to create not only
more meaningful units of analysis, but also characterizing medical practices with
greater accountability regarding their respective community needs and shared
care practices.
As HSAs shift from the Dartmouth approach towards a network-based ap-
proach, further work will be needed to establish a comprehensive methodology
for network-based HSA delineation, which should include (i) a broader set of
community detection algorithms, (ii) hospital discharge data from states other
than California, and integration with other healthcare datasets of expenditures.
Further work is still needed to establish a comprehensive methodology for this
type of approach.
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Fig. 2. Comparison of HSAs delineated using Block Model, Infomap, Louvain, and SLPA community detection algorithms. The HSA
delineations were compared in terms of the number of communities (NC), localization index (LI(c)), network conductance (C(c)), and
total number of discharges (ND(i, j)). The discharge types presented are Inpatient from ED (top) and ED Only (bottom). All results are
available on the Open Science Framework (OSF) repository of this project at https://doi.org/10.17605/OSF.IO/GW73Y.
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Fig. 3. Maps of HSA delineated using the community detection algorithms Block Model, Infomap, Louvain, and SLPA for discharge
types Inpatient from ED (top) ED Only (bottom) in 2018. Each HSA is displayed as a geographical boundary aggregating one or more
ZCTAs along with its respective Id. HSAs were then colored using a color blind palette with 9 distinct colors. All maps are available on
the Open Science Framework (OSF) repository of this project at https://doi.org/10.17605/OSF.IO/GW73Y
